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A B S T R A C T

Urine from first trimester pregnancies has been found to be rich in information related to aneuploidies and other
clinical conditions. Mass spectral analysis derived from matrix assisted laser desorption ionization (MALDI) time
of flight (ToF) data has been proven to be a cost effective method for clinical diagnostics. However, urine mass
spectra are complex and require data modelling frameworks. Therefore, computational approaches that sys-
tematically analyse big data generated from MALDI-ToF mass spectra are essential. To address this issue, we
developed an automated workflow that successfully processed large data sets from MALDI-ToF which is 100-fold
faster than using a common software tool. Our method performs accurate data quality control decisions, and
generates a comparative analysis to extract peak intensity patterns from a data set. We successfully applied our
framework to the identification of peak intensity patterns for Trisomy 21 and Trisomy 18 gestations on data sets
from maternal pregnancy urines obtained in the UK and China. The results from our automated comparative
analysis have shown characteristic patterns associated with aneuploidies in the first trimester pregnancy.
Moreover, we have shown that the intensity patterns depended on the population origin, gestational age, and
MALDI-ToF instrument.

1. Introduction

Matrix assisted laser desorption ionization (MALDI) time of flight
(ToF) mass spectrometry (MS) is considered a direct, rapid and af-
fordable analytical method in clinical microbiology [1–3]. It is a tech-
nique which involves measurements of mass‐to‐charge ratios (m/z) of
the ions formed when a sample is ionized. This technology has been
further demonstrated to provide a substantial reduction in the costs per
test associated with diagnosis, whilst still keeping high diagnostic ef-
fectiveness [4,5]. The application of MALDI-ToF in urine is a non-in-
vasive approach particularly suitable for the development of mass
market diagnostic or screening tests in global populations, with parti-
cular relevance to obstetrics and reproductive medicine [6,7].

Urine is a complex mixture of proteins, peptides, sugar-based moi-
eties, lipids and metabolic by-products [8–10]. Hence, urine MS gen-
erated by MALDI-ToF are too complex to be tackled with conventional
statistical methods and biomarker identification [10,11]. Moreover, MS
of urines generated by MALDI-ToF often produce raw data spectra with
complex baselines that require several data processing steps, using

more sophisticated computational methods, to extract meaningful in-
formation [11]. Several processing tools are already available in free
software such as mMass, where the user can visualize, crop, zoom,
smooth, perform baseline correction and export the data of a single
spectrum in several available formats [12,13]. However, this consumes
time, resources and is prone to human bias; in particular when dealing
with big data coming from different labs. Therefore, automated fra-
meworks are required to deal with such large data sets and the complex
nature of biological samples.

Recently, the application of MALDI-ToF to clinical diagnostics in
urines has started to show promising results [6,14–18]. We have pre-
viously examined spectral patterns from 2000 to 14000m/z, which
incorporated the major urinary metabolite of human chorionic gona-
dotropin (hCG) – beta core fragment hCG (hCGβcf), and this study
suggested the existence of characteristic intensity patterns associated
with aneuploidies in pregnancy [18]. Moreover, we further identified
gestational age differences across spectra from urine samples during
first trimester pregnancy together with other confounding variables
[19]. These results were achieved through several months of
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processing, analysing and manually curating of data.
For the development of mass market screening tests, with accep-

table diagnostic power, larger data sets need to be analysed (> 10000
samples). To deal with such demand, we have developed an automated
computational workflow that processes the raw data from MALDI-ToF,
performs quality control decisions, and systematically performs a
comparative analysis to identify peak intensity patterns on a given data
subset. We have specifically designed this automated workflow to deal
with MS data from pregnancy urine, and tested its performance against
large data sets (100–10000 data files). Here, we show the application of
our automated workflow and computational methods for the identifi-
cation of MS patterns associated to Trisomy 21 (T21), Trisomy 18 (T18)
and preeclampsia in the first trimester of pregnancy. Furthermore, we
have also analysed ethnic origin of the cohort, gestational age and any
variability from the use of different MALDI instruments as possible
confounding variables. Our approach is not based on the identification
of biomarkers, but instead on spectral profiling and pattern recognition
to predict pregnancy outcomes.

2. Methods

2.1. Data used for this study

For this study, we have used raw mass spectral data produced from
cohorts of pregnancy urines from UK and Chinese populations. Mass
spectral data was produced with two different MALDI instruments: a
Shimadzu Axima model CFR+ (Axima) and Skyray (China) MALDI-
ToFmodel MicroTyper MS (Skyray). Samples data from UK populations
was collected at the Harris Birthright Centre, The Fetal Medicine
Research Institute, King's College Hospital and analysed in MAP
Sciences' laboratory in Bedford UK. Chinese population pregnancy urine
samples were collected at the Nanjing Maternity and Child Health Care
Hospital, in Nanjing China and mass spectral data was generated by
KeyGEN BioTECH Co Ltd in Nanjing China.

Raw data files were converted from mzml into comma-separated
text files containing m/z values and signal intensity using the
MALDIquant software package [20]. We constructed files as comma-
separated values which cross referenced to clinical information pro-
vided about our cohorts e.g. sample file names, IDs, clinical outcomes
and gestational age (metadata files). With these metadata files, we
defined data sets organized by population origin (China or UK) and
MALDI instrument used (Axima or Skyray), (Table 1). For the pattern
identification analysis, we only considered spectral data that passed
quality control and which had known clinical outcomes & gestational
age in their associated metadata (Table 1). For tested groups, we
gathered in the above-mentioned data sets, all data from pregnancies
with trisomy 21 or 18. In addition, we also added data from pregnancy
with preeclampsia without any other associated clinical observation. As
control groups, we selected data from singleton pregnancy, with no
medication usage by the mother, and without any known diseases as-
sociated to either baby or mother. For the control group, the re-
presentative 200 samples for each gestational age group (weeks 11, 12,
13 and 14) was defined to allow faster analysis and minimize bias.

2.2. Ethics approval

This study was approved by King's College Hospital Ethics
Committee (02‐03‐033). And by the internal Ethics committee of MAP
Sciences, where all samples were received anonymised for analysis.
Written informed consent was obtained from all women agreeing to
participate in the study and held at King's College Hospital.

2.3. Pre-processing and quality control

All mass spectra raw data files were systematically pre-processed
and spectral quality evaluated. For this purpose, we have developed a

computational framework which systematically picks up each file in a
folder and: 1) Performs a baseline correction on the spectral data; 2)
Normalises the intensity of each m/z value with the total intensity of
the spectra; 3) Estimates the local noise (LN) within a 5 point interval
on m/z axis based on the method proposed in Ref. [21]; 4) Identifies
putative, well resolved hCGβcf peaks as a quality control measure in the
context of pregnancy [15]; 5) Evaluates the quality of the spectra based
on the signal to local noise ratio (SLNR). In this workflow, the spectral
baseline was automatically estimated by fitting a 5-degree polynomial
curve, subtracted from the raw data, and removing possible negative
values. The local noise of each raw data sample was estimated using the
maximum absolute difference in the amplitude of the all possible slopes
with a sliding window of 5 points intervals [21]. The key pregnancy
protein hCGβcf was identified by iteratively searching within
9600–10000m/z range for a well resolved peak at 9750 ± 25m/z
[15]. Here, we have used a generic peak picking algorithm in combi-
nation with data smoothing using Savitzky-Golay filter [22,23]. Sam-
ples were only accepted if the SLNR for at least one peak within
9600–10000m/z range was higher than 5-fold. Pre-processed data files
were automatically exported to a folder and associated to meta data
information. All samples were also manually checked for erroneous
acceptance or rejection by running the script with an optional plot of
raw data spectra, fitted baseline, pre-processed spectra and peaks de-
tected. For this purpose, we randomly selected a set of data to perform
the manually pre-processing option implemented in the script. All data
was also manually checked for quality by plotting each data file in
mMass software and performing a visual inspection of noise and pre-
sence of hCGβcf peak.

2.4. Spectral features extraction

Spectral features composed by peaks positions, normalized peaks
intensity, and correspondent error due to noise were automatically
extracted from pre-processed data samples. On each pre-processed MS
data, we iteratively searched for well resolved peaks in the range of
2000–13000m/z using a modified peak finding algorithm in combi-
nation with data smoothing using Savitzky-Golay filter [22,23]. The
reason for this choice was to remove enough noise to allow good peak
detection, keeping the asymmetry properties of peak signals in urine MS
and not introduce artefacts by forcing a gaussian distribution on peaks
which are not symmetric. The parameters of Savitzky -Golay filter
(window size of 10m/z and 5 cycles) were previously optimized for the
urine MS data from MALDI to remove noise and provide a reasonable
estimate of the position of the peaks in raw data using the python
peakutils function. The values of intensities for all peaks were subse-
quently computed by getting the correspondent values in the raw data
to avoid deviations.

Only the peaks with an identified signal to noise ratio greater than
5-fold were selected. The error associated to each peak was estimated
based on the average LN around the peak region. Finally, a file con-
taining all spectral features was generated. In this method, we have also
included a spectral alignment that makes all peak positions shift ac-
cording to a reference peak to minimize m/z errors in peak positions as
an optional feature. Briefly, when a reference peak is known, the
computational method searches within a 50m/z window and computes
the difference between the reference peak mass and the actual mass of
an observed peak found in that window. Peak position values are then
corrected throughout the spectra by applying the computed difference
and shifting peak positions correspondingly.

2.5. Peak enrichment and intensity differences analysis

Peak enrichment and the differences in intensity between a tested
data set (clinical outcome) and a control group (control data set) were
computed using an automated computational methodology. As inputs,
the method takes the file containing peak positions, peak intensities and
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the estimated relative errors for all samples, ID numbers, outcomes and
gestational ages in a list. The data is then separated into two groups
(tested and control) according to clinical outcomes and then further
split into classes with different weeks of gestational age. For each group
and classes, peak enrichments were computed between 2000 and 13000
m/z with constant 50m/z interval. Peak enrichments (EK) were itera-
tively computed according to equation (1) where: Pi and Pj are sets of
values of peaks positions for a tested sample i and a control sample j,
respectively; n and m are the total numbers of samples of tested and
control outcomes, respectively; and K is a set of continuous values that
define an m/z region for which enrichment is calculated. Peak enrich-
ments were computed only considering the presence or absence of
peaks in a given K region, regardless of multiple peaks in K region.
Thus, we have introduced an if conditional statement in equation (1) to
mathematically represent how peak enrichments were computed.
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Simultaneously, the medians of the values of intensity for each re-
gion (K) were computed for each group (tested and control). Errors
associated with peak intensity were used to generate variability as-
suming intrinsic gaussian noise. This rendered a much better accuracy
around medians for a small number of samples. Next, the differences
between medians of tested and control groups were calculated and
expressed in terms of their logarithm gains of intensity (LGM). All EK
and LGMs were saved in files for subsequent visualization and analysis.

2.6. Pattern identification

Peak enrichment and the intensity differences analysis were

combined to identify patterns of tested data set (clinical outcome)
within the control group (control data set) using a computational
method design in our lab. In this analysis, the peak enrichments,
medians, 10th and 90th quantiles were calculated for each group and
gestational age classes. With this data, regions were selected according
to a threshold of enrichment differences between tested and control
groups, or with a logarithm gain equivalent of 2-fold differences in
medians as an alternative. To minimize overlap between groups, we
also implemented a filter for only selecting regions which have less than
10% of data shared. To classify the quality of the patterns, we im-
plemented a tracking method for the combinatorial effects of regions in
terms of the capacity to describe the two data sets (percentage of group
coverage). We further programmed our computational approach to
iteratively perform the analysis with a 50m/z sliding window, whereas
the selected regions and results are printed to a data file.

2.7. Computations and code

The scripts that compose the computational workflow described in
this work were written in Python version 2.7. All scripts were devel-
oped in MAP Sciences bioinformatic's laboratory under Anaconda
Distribution version 5.3. All scripts produced are under copyright and
commercial intellectual property protection. All computations were
performed under Microsoft windows 10 Pro 64-bit operating system,
using a Dell machine with an Intel(R) core(TM) i7-8550U CPU @
1.80 GHz - 2.00 GHz and 16 GB RAM. R code was produced and run
under RStudio® statistical environment version 1.1 for the conversion of
raw data, generation of heatmaps, cluster analysis and bar plots.

Table 1
Data sets used in the study and characteristics. Outcome abbreviations: T21 is trisomy 21; T18 is trisomy 18; normal is non-aneuploid and without any other known
clinical diagnosis; other is a sample with diagnosis such as anaemia, hyperlipidaemia, diabetes; high risk is a non-aneuploid associated with a high risk for aneu-
ploidies without any other known clinical diagnosis.

Data sets MALDI Machine Origin (population) Gestational age (weeks) Number of samples and outcomes Objective

Axima Axima China All 6 T21
2 T18
64 Preeclampsia
2020 Normal
980 Other

QC validation

Skyray Skyray China All 6 T21
2 T18
64 Preeclampsia
2100 Normal
980 Other

QC validation

ChAx Axima China 11–14th 3 T21
2 T18
28 Preeclampsia
789 Normal

Pattern identification

13W ChAx Axima China 13th 1 T21
1 T18
5 Preeclampsia
200 Normal

Pattern identification

ChSky Skyray China 11–14th 2 T21
2 T18
28 Preeclampsia
743 Normal

Pattern identification

ChSky Skyray China 13th 1 T21
1 T18
7 Preeclampsia
200 Normal

Pattern identification

UK Axima United Kingdom 11–14th 20 T21
3 T18
74 High risk

Pattern identification

13W UK Axima United Kingdom 13th 12 T21
1 T18
47 High risk

Pattern identification
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Fig. 1. Pipeline for pattern identification of large
data sets of mass spectra from MALDI ToF. Data
pre-processing (1) starts from a folder containing all
stored raw data files (MS raw data files). Next, each
file i is iteratively picked up and undergoes pre-
processing, where an unsupervised quality control
decision is made. Accepted and rejected files are
stored in different folders. Quality control decision is
based on the detection of hCGbeta core fragment
peak (hCGP) greater than 5-fold the signal to local
noise ratio (SLNR). Rejected data are re-run with the
optional manual checking method, where the user
checks and controls if the data was correctly re-
jected. Each file k in accepted folder is picked up and
further processed for spectral features extraction (2).
The method returns one file (MSF file) containing all
features extracted for all data processed. Finally, the
MSF file is pickup and an enrichment analysis com-
bined with an analysis of intensity differences on a
tested and a control group contained in MSF file
generates a pattern for the tested group (3).

Fig. 2. Examples of automatically accepted and rejected MS from pre-processed MS Raw data of urine samples. The Illustrative examples in panel A to C were
selected from a set of pre-processed raw data files to show different baseline adjustments. Example in panel D was selected to illustrate a bad sample with no hCG
peak detected and high degree of noise. Plots were generated with automated pre-processing method under the manual checking optional feature.
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3. Results

3.1. Automated workflow for MS data analysis

To identify patterns in big data sets of mass spectra of urines sam-
ples form MALDI-ToF, we developed a computational workflow that
automatically carries out the analysis in 3 main steps (Fig. 1). With this
workflow, we first carryout a data pre-processing step, dealing with
multiple raw data files one by one and also performing a quality control
decision. We tested this step for computation performance and stability
with small to large data sets up to 10000 data files (up to 46 GB). This
resulted in a constant pre-processing rate of 1 file per second without
crashing. This is in excess of 100-fold faster than the manual spectral
pre-processing and file exporting using mMass. We have also included
in the quality control a checking procedure (optional feature), where
we re-evaluate rejected data by re-running and visually monitoring the
quality of spectra and choices to minimize the loss of good data. Sec-
ondly, we run an automated extraction of the spectral features of each
file from all pre-processed, accepted data. This produces a single file
containing these features (MSF file). In this workflow, we included peak
positions, peak intensities, estimated errors and areas between valleys
as spectral features. The performance of this step was observed to be
relatively fast with a constant processing rate of 41 files (MS data) per
minute. On the resulting MSF file, we apply a third step, where two
groups of data are systematically compared to find a pattern of peak
positions and/or intensity differences for several mass ranges. This last

step was considerably faster when compared to the previous steps,
taking around a total of 90 s for a comparison of 3000 files processed.

3.2. Automated quality control of urine MS

The applicability of the pre-processing and quality control method
on mass spectral data of pregnancy urine samples was tested with a
total 6080 spectra files previously evaluated manually for its quality
(see methods). As a preliminary test, we first run the workflow with the
optional manual checking feature on 100 randomly selected files to
visually check the quality of the baseline correction and the accuracy of
detecting a well resolved hCGβcf peak. Our computational method was
able to identify the hCGβcf peak and provided a good baseline cor-
rection in a complex mass spectrum such as urines (see examples in
Fig. 2, panels A to C). The method was also able to correctly reject
samples, where an hCGβcf peak was not visually observed and/or
where the spectrum was too noisy (see example in Fig. 2, panel D).
Next, we further applied the automated method for pre-processing and
quality control decision with larger data sets of mass spectra of preg-
nancy urine samples generated from different MALDI machines (Axima
and Skyray). A total of 3000 files with data from Axima and 3080 files
from Skyray were pre-processed and their quality was evaluated using
the unsupervised option (fully automated). According to this method,
2882 spectra from Axima and 2721 spectra from Skyray were de-
termined to have acceptable quality and the remaining data was re-
jected. In addition, the quality of rejected spectra was re-evaluated

Fig. 3. Peak enrichment and intensity differences of urine mass spectra data of pregnant with aneuploidies and preeclampsia. Each clinical outcome was
analysed using the automated method using the data sets in Table 1. Subsets with only the 13th week of gestation are indicated by 13W. Data sets from different
MALDI machines are indicated by Sky (Skyray) and Ax (Axima). Data from China is indicated by Ch and from United Kingdom (UK). Heatmaps of peak enrichment
(A) and Intensity differences (B) were analysed within 50m/z intervals.
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using supervised option (see Fig. 1 and methods for details) and found
to have been rejected justifiably where no erroneous baseline fitting or
detection of hCGβcf peak was seen. To further test the accuracy of the
method, we compared the supervised quality control decisions (accept
or reject) for all data with the ones previously made manually using
mMass [12]. Except for two cases, the automated and unsupervised
method rendered quality control decisions in agreement with the ones
generated manually using mMass. On the other hand, our method ac-
cepted two spectra that were manually rejected. This was due to the
presence of small hCGβcf peak, close to the defined signal to noise ratio
threshold which was difficult to observe visually.

3.3. Analysis of aneuploidies from urine MS data

Here, we show the application of the developed computational
workflow to urine MS pattern identification of aneuploidies in preg-
nancies. For this purpose, we applied our method to several data sets
constructed with data from UK and China generated using two MALDI-
ToF instruments from different manufacturers (Table 1). The results
from the computed peak enrichment and intensity differences using the
data sets are shown in Fig. 3. These results show patterns in data of T21
and T18 aneuploidies during first trimester pregnancy for different
populations and MALDI-ToF instruments. In addition, we also apply our
computational method in finding MS patterns in data from pregnancies
with a later preeclampsia diagnosis.

Interestingly, T21 and T18 aneuploidies peak enrichment and in-
tensity differences from UK and China were predominately clustered in
the same groups, separated from the data of non-aneuploidies preg-
nancies with preeclampsia. This indicates that MS patterns of aneu-
ploidies share common characteristics, which are in general distin-
guishable from non-aneuploidies. However, the clustering also shows
that peak enrichment and intensity patterns are affected by population
differences and gestational age. Nevertheless, clustering of peak en-
richment and intensity differences also indicates T21 and T18 can be
distinguished. Moreover, the results in Fig. 3 also pinpoints that dif-
ferent machines (Skyray and Axima) generate distinct patterns of peak
enrichment and intensity on the same data. This indicates that MS
patterns are exclusively machine specific, where the data from Skyray
machine apparently results in patterns with better resolution.

Using our computational method, we identified several character-
istic regions for T21 and T18 (up to 42), which combined were able to
characterize 100% of the data set. For preeclampsia, we identified
several regions but they could only characterize up to 71% of the data
set (32 regions). In general, we found that these patterns were mainly
due to intensity differences rather than peak enrichment in a particular
region. The analysis using only data from 13th week of gestation ren-
dered more identified regions in comparison with data from all weeks,
indicating that gestational age is a critical variable resulting in specific
marker change within pattern recognition. As illustrative examples,
here we present the patterns obtained using Axima MALDI-ToF ma-
chine for UK and China in the 13th week of gestation (Fig. 4). These
patterns show that T21 and T18 pregnancy urine MS have distinct
characteristic regions from 2000 m/z to 13000m/z with little overlap,
showing different intensity patterns, probably reflecting the different
phenotypic effects of the respective Karyotype abnormalities. Further-
more, these results also indicate that MS patterns of aneuploidies in the
Chinese population are different from the ones obtained from UK,
particularly in the case of T21. However, the regions between 9200 and
9400 m/z and 10300–10350 m/z of T21 MS patterns show similar in-
tensity changes between UK and China, indicating a high degree of
conservation between populations. As would be expected for a common
biological condition. However, the spectral regions of differences may
not be racial; as in China the study population was, not specific but, a
general maternity cohort and in the UK the examined population was
from pregnancies already identified as screen positive for “high risk
pregnancy” by existing methodologies. For T18, the characteristic

patterns were also obtained with similarity in terms of intensity
changes for the regions 2000–2100 m/z and 6300–6350 m/z and again
regions of differences which may reflect characteristics of “at risk’ po-
pulations versus the general pregnancy population screen.

4. Discussion

Mass spectrometry-based proteomics is a technology of growing
importance in a biological and clinical research aimed at differentiating
diseased and healthy states. Compared to other mass spectrometry
methods, Matrix Assisted Laser Desorption Ionization Time of Flight
Mass Spectrometer (MALDI-ToF MS) [24] is a very sensitive technique,
where urine sample with relatively dilute protein concentration can be
applied neat for direct analysis [25]. A number of authors have already
demonstrated a successful utilisation of urine sample MALDI data for
clinical applications such as bladder cancer diagnosis [26], differ-
entiation between benign and malignant prostate cancer [27] and early
detection of diabetic nephropathy [28]. However, these studies were
limited to reduced number of samples analysed compared with the full
potential of high throughput data generation of MALDI technique.

Here, we have successfully applied an automated workflow to re-
cognize characteristic peak intensity patterns of aneuploidies from MS of
urine of first trimester pregnancy. Similar MS patterns were already
observed for T21 and proposed by Iles et al., which reinforces the con-
fidence around the outputs from our automated approach [15,18]. The
presented workflow would save time, human resources and facilitates in
the analysis of big data sets with almost no limit of data file size. Im-
portantly, the automated processing and analysis developed brings an
advantageous breakthrough for the usage of MALDI-ToF technology as a
high-throughput methodology in clinical laboratory medicine, in parti-
cular for the problem of urine analysis [10]. In addition, this method
provides an unbiased quality control decision, making it suitable to be
applied in routine process laboratories. This was possible due to a suc-
cessful implementation of the identification of the characteristic sig-
nature of hCGβcf, the principle metabolite that represents 80–90% of the
hCG material found in urine [15,29,30]. Moreover, our approach has
made possible the analysis of data frames with large dimensions (over
1000), which would be computationally demanding when simply im-
porting data into statistical software packages (i.e. R statistical package)
and conducting matrix-based analysis.

Using this approach, we further extended the data analysis and
identified other distinct urine MS patterns for T18 and preeclampsia in
pregnant women. This opens the possibility for the development of MS
pattern-based machine learning algorithms for all major fetal aneu-
ploidy's and other clinical outcomes in prenatal screening. However,
the detected MS patterns from UK and China showed population dif-
ferences. This suggests that future algorithms should be designed spe-
cifically for particular populations; be it general pregnancies, high risk,
or racial groupings to achieve better performances. Finally, our data
analysis also pinpointed that MS patterns of urine are depended on
gestational age and the MALDI-ToF instrument used to generate the
data. This further suggests that the design of future detection algo-
rithms should take into account MALDI-ToF equipment and the gesta-
tional age as confounding variables. Combined with direct and
straightforward sample preparation, the workflow could be an attrac-
tive and practical method for rapid clinical applications.

In principle, the automated workflow developed in this work can be
applied to all types of mass spectrometry techniques including the
coupling with liquid and gas chromatography. However, our approach
is particularly useful for the analysis of high throughput mass spectral
data techniques such as MALDI-ToF, which is evolving towards ultra-
high throughput screening [31,32]. Modern MALDI-ToF equipment can
generate spectra for analysis in minutes or even seconds depending on
the number of shots and laser speed [32]. In this work, the automated
workflow was demonstrated to be capable of analysing data from
MALDI faster than it is generated. Thus, our workflow enables to reach
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the full potential of MALDI technology.
Some studies have developed other automated computational

workflows to explore high throughput mass spectral data [32–35].
However, these approaches focus on biomarker discovery and quanti-
fication, rather then pattern recognition. Therefore, here we propose an
alternative and innovative approach to explore mass spectral data. Al-
though, our approach was showed to be successful for mass spectra of
urines, it has also potential to be applied to other sample types such as
blood, serum saliva and cell culture medium. Currently, we are
adapting the workflow on embryo culture media from IVF to identify
patterns that correlate with embryo viability, which already have
shown promising results.

5. Conclusion

In conclusion, a novel methodological and automated workflow has
been developed to process big data sets of mass spectra generated from
MALDI-ToF technology and perform a comparative analysis. The
method was demonstrated here to be very fast in comparison with that
currently available using freeware software tools for mass spectrometry
laboratories [12,13]. Our methodology was also demonstrated to be
robust in performing an automatic quality control decision on big data
sets up 10000 files.
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Fig. 4. MS intensity patterns of urines from pregnant with aneuploidies (T18 and T21). The patterns were obtained using the automated workflow presented in
this work using the data of the 13th week of gestation from China and United Kingdom, and generated from Axima MALDI-ToF machine. Each panel contains the list
of characteristic m/z regions and respective intensity differences in comparison with non-aneuploid pregnancy. The intensity differences are expressed in terms of the
logarithm differences between medians of tested and control data sets (LGM).
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